In this paper, we assess the informational content of daily range, realized variance, realized bipower variation, two time scale realized variance, realized range and implied volatility in daily, weekly, biweekly and monthly out-of-sample Value-at-Risk (VaR) predictions. We use the recently proposed Realized GARCH model combined with the skewed student distribution for the innovations process and a Monte Carlo simulation approach in order to produce the multi- Jel Classification: C13; C53; C58; G17; G21; G32
Introduction
Precise assessment of financial risks plays a crucial role for the viability of the financial institutions and the stability of the financial system as a whole. It helps minimizing the probability of extensive periods of financial distress which may be triggered by the failure of systemically important financial institutions. Obviously, the importance of accurate risk measurement and assessment is augmented during highly volatile periods, such as the recent 2007-2009 financial crisis, for which there is a widespread risk of global financial instability (Drakos et al., 2010) .
This study concentrates on market risk which is defined as "the risk to a financial portfolio from movements in market prices such as equity prices, foreign exchange rates, interest rates, and commodity prices" (Christoffersen, 2003) . The most popular market risk management tool in the financial services industry is the so called Value-at-Risk (VaR), which reflects an asset's market value loss not be exceeded over a specified holding period, with a specified confidence level (Alexander, 2008b) . According to Giot and Laurent (2003b) , the popularity of the VaR as a market risk measure can be attributed mainly to three reasons. First, VaR is relative simple to estimate -statistically, the α% VaR is α-th quantile of the conditional returns distribution.
Second, VaR is easy to communicate to higher level management as it encapsulates in a single quantity, either percentage or nominal amount, the potential portfolio losses. Third, the 1996 market risk amendment to the Basel Capital Accord and the Basel II regulatory framework, allows financial institutions to use their own internal VaR models for the calculation of market risk capital requirements (see also subsection 3.3) (BCBS, 1996a (BCBS, , 2006 . Thus, the extant regulatory framework establishes the VaR as the benchmark method for market risk estimation.
The recent 2007-2009 global financial crisis and its subsequent widespread consequences in the real economy highlighted once again the key role of financial volatility in financial assets' risk management. During this turbulent period, characterized by extreme asset price movements and high volatility in financial markets, the majority of financial institutions failed to comply with the Basel Committee on Banking Supervision (BCBS) mandates regarding the accuracy of their VaR estimates (Campel and Chen, 2008) . This example from the near past financial history underlines the need for accurate volatility measurement and forecasting and justifies the intensive research efforts on measuring, modeling and forecasting financial volatility during the last three decades .
In this study, we fill the gaps in the VaR related literature (see section 2) and we investigate the informational content of three alternative classes of volatility measures in terms of multiperiod VaR forecasting using the S&P 500 stock index. The three volatility classes are: (i) Range-based volatility estimators that employ the daily range, i.e. the difference between the highest and lowest logarithmic prices within the trading day, and particularly the range estimator of Parkison (1980) . (ii) Realized volatility estimators, that utilize high frequency intra-daily returns. In this category we use the realized variance (Andersen and Bollerslev, 1998; Andersen et al., 2001a) , the realized bipower variation which is robust against price jumps (BarndorffNielsen and Shephard, 2004) , the two time scale realized variance of Zhang et al. (2005) which accounts for the microstructure noise bias in the price process and the realized range of and Christensen and Podolskij (2007) and Martens and van Dijk (2007) . (iii) Implied volatility as measured by the VIX implied volatility index (Giot, 2005; Giot and Laurent, 2007) . Each of the abovementioned volatility estimators is based on different assumptions and informational sets and differs in terms of efficiency, consistency and probably the ability to forecast the unobserved volatility (Brownless and Gallo, 2010) .
Here, we differentiate from previous works (see Section 2 for the related literature) and we concentrate solely on the ability of the alternative volatility measures to deliver accurate and efficient multi-step VaR forecasts. This practical approach for the evaluation of the informational content of the various volatility measures requires the use of analogous evaluation metrics. Thus, we do not restrict ourselves to only statistical accuracy evaluation of the VaR forecasts, i.e. via the (un)conditional coverage tests of Christoffersen (1998) , but we also use metrics that account for the regulatory accuracy (Lopez, 1999) and the capital efficiency (Sharma et al., 2003) of the VaR estimates. Finally, we also evaluate the alternative volatility measures in a real-world setting utilizing the formula for the market risk capital requirements prescribed by the BCBS (1996a, 2006) .
Modeling the alternative volatility measures is another important issue of concern. The most common approach is to use these volatility measures as lagged explanatory variables in a GARCH model (Bollerslev, 1986) i.e. a GARCH-X model (e.g. Engle, 2002; Blair et al., 2001; Giot, 2005; Fuertes et al., 2009; Corrado and Truong, 2007) . However, the GARCH-X model poses important limitations on our analysis as it can only produce day-ahead volatility or VaR forecasts. Therefore, we use the novel Realized GARCH model proposed by Hansen et al. (2011) and implemented in day-ahead VaR forecasts by Watanabe (2011) , which is capable of generating multi-period forecasts (see subsection 3.1). The Realized GARCH model is a relative simple to estimate model that has the unique feature of joint modeling of realized volatility and conditional volatility of returns, through a bivariate equation approach. Thus, the Realized GARCH model eliminates the need for the two-step procedure usually implemented in the realized volatility -VaR studies (Giot and Laurent, 2004; Brownless and Gallo, 2010) . The name of the model reflects its structure, which is similar to a GARCH model, and the fact that incorporates realized volatility measures. Of course the model can be easily extended to allow for alternative volatility measures.
Moreover, we follow Watanabe (2011) and we combine the Realized GARCH model with the skewed student distribution for the innovations process which captures both the fat tails and the asymmetry properties of the financial assets returns distribution (Fernadez and Steel, 1998; Lambert and Laurent, 2001 ). These attractive characteristics and the good empirical performance have popularized its use in day-ahead VaR applications (e.g. see Giot and Laurent, 2003a; Giot and Laurent, 2003b; Giot and Laurent, 2004 and Giot, 2005 among others) . However, forecasting
VaR at multi-period horizons is much more challenging than the day-ahead forecasts. The reason is that we are not aware of the analytical form of the multiple horizons returns density (Christoffersen, 2003) . Hence, we utilize the numerical Monte Carlo simulation method in order to estimate the multi-period VaR forecasts (Christoffersen, 2003; Andersen et al., 2006) The rest of the paper is organized as follows. In Section 2 we provide the related literature, while in Section 3 we describe the econometric methodology and the VaR evaluation metrics used in this study. Section 4 presents the estimation results for the Realized GARCH model and the VaR forecasting evaluation results. Section 5 summarizes and concludes this paper.
Related literature
A plethora of volatility measures and models have been used and tested in VaR estimation and forecasting. The seminal Autoregressive Conditional Heteroscedasticity (ARCH) model of Engle (1982) , which uses the past squared daily returns in order to model the conditional heteroscedasticity of financial assets returns, and its numerous extensions (e.g. see "Glossary to ARCH (GARCH)" by Bollerslev, 2010) have been widely used in the VaR literature (e.g. see Brooks and Persand, 2003; Angelidis et al., 2004; Kuester et al., 2006 , Drakos et al., 2010 amongst others).
Nonetheless, since the introduction of the ARCH-type models, many alternative volatility measures and models have been proposed for forecasting volatility and VaR. In particular, daily range volatility estimators (e.g. see Parkison, 1980; Garman and Klass, 1983; Rogers and Satchell, 1991) have also been employed in volatility (Chou, 2005; Li and Hong, 2011) and VaR (Brownless and Gallo, 2010) forecasting studies. In these studies the range-based volatility models outperform their GARCH counterparts. The intuition behind this result is that intraday price ranges contain more information than the squared returns, since the latter are computed from two arbitrary points in time, i.e. the closing prices (Chou et al., 2010) . In Corrado and Truong (2007) , the authors find that the daily range and the implied volatility, as measured by the VIX, VXO, VXN and VXD implied volatility indices, have similar volatility forecasting performance. Chou et al., (2010) provide a good review on range-based volatility estimators, models and their financial applications.
In the seminal papers of Andersen and Bollerslev (1998) , Andersen et al. (2001a ), Andersen et al. (2001b and Barndorff-Nielsen and Shephard (2002) the authors propose the sum of squared intra-daily returns, the so called realized volatility, as an efficient and consistent estimator of the latent volatility and they establish its asymptotic properties. The strong theoretical foundations combined with the availability of high frequency intra-daily data initiated a frenzy of research on realized volatility modeling and forecasting. In most of the volatility or/and VaR forecasting empirical studies, the authors compare the ARCH-type to the realized volatility models, or in other words, they examine if there is incremental information in high frequency intra-daily returns compared to the daily squared returns.
In volatility forecasting studies the results are unequivocal; realized volatility models clearly outperform their ARCH-type counterparts (e.g. see Andersen et al., 2003; Koopman et al., 2005; Martens et al., 2009; Martens, 2002 amongst others) . In VaR forecasting studies the results are somewhat mixed with some authors providing evidence in favor of the realized volatility models (Beltratti and Morana, 2005; Shao et al., 2009; Brownless and Gallo, 2010; Watanabe, 2011; Louzis et al., 2011) and others reporting results in support of the ARCH-type models (Giot and Laurent, 2004; Angelidis and Degiannakis, 2008; Martens et al., 2009 ). Brownless and Gallo (2010) are the first to emphasize on the ability of alternative realized volatility estimators to produce accurate day-ahead VaR forecasts. Using a P-spline multiplicative error model (MEM) (for MEM models see Engle, 2002; Engle and Gallo, 2006) , the authors compare the predictive ability of realized variance, realized bipower variation, two time scale realized variance, realized kernels (Barndorff-Nielsen et al., 2008) and daily range for three NYSE stocks. Their results indicate that daily range and realized volatility estimators have comparable forecasting behavior with volatility estimators that are robust against microstructure noise performing relatively better. Moreover, Shao et al. (2009) provide evidence in favor of the realized range compared to the realized volatility estimators in daily VaR forecasts. Watanabe (2011) also report that the microstructure noise does not affect the accuracy of daily VaR forecasts for the S&P 500 stock index. Alternative volatility estimators have also been used in a volatility forecasting context. The majority of these studies favour the use of realized variation measures that employ absolute intraday returns and, thus, can mitigate the effect of price jumps (Forsberg and Ghysels, 2007; Ghysels and Sinko, 2006; Liu and Maheu, 2009; Fuertes et al., 2009; Louzis et al., 2012) .
Another vigorously researched area in financial economics is concerned with the informational content of implied volatility, which is deduced from options prices (see Alexander, 2008a ). The majority of the studies in this area compare the volatility forecasts delivered by models utilizing implied volatility measures with the forecasts generated by models employing either daily range/squared returns or realized volatility estimators (e.g. see Blair et al., 2001; Christensen and Prabhala, 1998; Corrado and Miller, 2005; Corrado and Truong, 2007; Giot and Laurent, 2007 amongst others) . Overall, implied volatility measures tend to outperform their historical volatility counterparts in terms of volatility forecasting (Poon and Granger, 2003; Giot, 2005) . However, despite its good forecasting performance, implied volatility measures have not been broadly examined in risk management applications. The only exception is Giot (2005) who is the first to investigate the predictive ability of implied volatility indices (the old VIX, VXO and VXD corresponding to the S&P 500, S&P 100 and Nasdaq stock indices) in daily VaR
forecasts. His empirical analysis shows that implied volatility indices can provide accurate dayahead VaR forecasts when combined with the skewed student distribution.
Against this background, our work complements and extends previous empirical studies (e.g. Brownless and Gallo, 2010; Giot, 2005; Watanabe, 2011; Shao et al., 2009 ) for several aspects.
First, this the first study that examines simultaneously the informational content of realized volatility, daily range and implied volatility measures in a VaR forecasting context. Second, with the exception Beltratti and Morana (2005) , all other studies focus on day-ahead VaR forecasts.
Here, we also investigate the predictive ability of the alternative volatility measures at weekly, biweekly and monthly horizons. Multi-step VaR estimates are quite important for both regulatory, as Basel II framework requires the computation of 1% VaR for a ten-days holding period, and internal risk management purposes. Third, we estimate the Realized GARCH using volatility measures other than the realized volatility. Particularly, we extend the Realized GARCH model in order to incorporate the realized bipower variation, the realized range, the daily range and the implied volatility measures. 
Volatility measures
In this section we briefly describe the three distinct categories of volatility measures employed in this study. The first category comprises the daily range volatility estimator of Parkison (1980) features in real-world applications. They are simple to estimate, more efficient than the squared returns volatility proxy and robust against the microstructure noise bias (e.g. see Parkison, 1980; Garman and Class, 1980; Alizadeh et al., 2002; Shu and Zhang, 2006) .
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In the second category we examine volatility estimators that utilize ultra high frequency intra-daily data. The most popular estimator in this category is the realized variance (RV) (Andersen and Bollerslev, 1998; Andersen et al., 2001a; Barndorff-Nielsen and Shephard, 2002) calculated as
, where M is the total number of intraday returns for each day t and , tj r is the jth intraday return of day t . Under certain semi-martingale assumptions and for
, RV converges in probability to the quadratic variation of the price proces i.e. 
=+ ∑ ∫
, where the first part of the summation is the continuous path component, or integrated variance ( t IV ) and the second part is the sum of squared jumps.
The realized bipower variation (RBV) of Barndorff-Nielsen and Shephard (2004) is a robust estimator against price jumps and is given by
authors show that the RBV converges in probability to the continuous component of the quadratic variation of the price process, i.e. 
is the average number of observations in the subsamples and () λ M is the total number of intraday observations in each subsample set λ . The rationale behind the TTS-RV estimator is that since the microstructure noise induced bias of the low frequency estimates is a function of the noise variance in the return processes, which is in turn consistently estimated by the high frequency realized variance estimator, we can use the latter in order to eliminate the low frequency estimator bias.
The realized range (RR) of Christensen and Podolskij (2007) . Martens and van Dijk (2007) show that the scaled RR outperforms the TTS-RV estimator in terms of efficiency.
Finally, in the third category, we assess the informational content of the implied volatility (IV) measure which is deduced from options prices. We follow Giot (2005) 
Econometric methodology

The Realized GARCH model
The VaR forecasts are generated using the recently proposed Realized GARCH of Hansen et al. (2011) . Assuming that x RNG RV RBV TTS RV RR IV = being the volatility measures presented in section 2.
The parameter 1 τ captures the asymmetric impact of negative shocks on volatility process, i.e.
the leverage effects, and is expected to be negative, while 2 τ captures the size effects or volatility clustering i.e. the fact that large shocks tend to be followed by large shocks, and is expected to be positive. Finally, the errors in equation (3), t ε , are normally distributed and mutually independent with t z .
We chose to model the conditional mean in equation (1), i.e. ( )
, as an AR(1) process in order to account for any autocorrelation in the returns series while we follow
Watanabe (2011) and we assume the skewed student distribution for the innovations distribution, which captures both the fat tails and the asymmetry properties of the financial assets returns density. Moreover, the use of the logarithms ensures the positivity of the conditional volatility estimates and retains the ARMA structure of the 'GARCH equation' or equation (2).
Nevertheless, the key feature of the Realized GARCH model is equation (3) We maximize the log likelihood function in equation (4) , where the second derivative matrix of the log likelihood is also calculated numerically (Hamilton, 1994) . However, note that for the case of normally distributed innovations, t z , Hansen et al. (2011) provide closed form solutions for the hessian matrix.
Value-at-Risk forecasting methodology
VaR reflects the asset's market value loss over the time horizon h, that is not expected to be exceeded with probability 1 α − , i.e. Assuming that the returns process is described in equations (1) denotes the quantile function of the standardized Student-t density function (see Lambert and Laurent, 2001 and Giot and Laurent, 2003a ).
In the absence of a closed form solution for the multi-period returns density, we rely on a Monte Carlo (MC) simulation approach for the multiple horizons VaR forecasts ( 1 > h
). The process is described in the following steps (Christoferssen, 2003 , Andersen et al., 2006 : , where h = 5, 10 and 20 for the weekly, biweekly and monthly forecast horizons. In this way we generate a hypothetical distribution of h-day returns generated by the process described in equations (1) 
VaR evaluation measures
The VaR evaluation measures implemented here build on the "failure process" described by the following indicator function The statistical accuracy of a VaR model is prerequisite for a functional risk management system but it does not reassure the efficiency or the regulatory accuracy of the VaR estimates.
Hence, we also employ a complementary set of evaluation statistics that reflect both regulators and risk managers' preferences.
Specifically, adhering to the Basel Committee's guidelines, supervisors are not only concerned with the number of failures of a VaR model, but also with the magnitude of these failures (BCBS, 1996a (BCBS, , 1996b . Thus, we use the regulatory loss function (RLF) of Lopez (1999) which considers both the number of exceptions and their magnitude and is given by: 
Empirical analysis
The data set and estimation results
The (intra-)daily data set was obtained from Tick Data and consists of previous tick interpolated prices for the S&P 500 stock index over an approximately thirteen year period, from [Insert Table 1 proportional to the unobserved conditional variance (Hansen et al., 2011) . However, for all realized and range-based volatility measures the estimates of κ are much lower than zero indicating that volatility estimators that utilize intraday data are biased. This result can be simply explained from the fact that these measures are computed employing only the 6.5 active trading hours (08:30-15:00 in our case) of day t, whereas the conditional variance, t h , refers to a 24 hours time period which spans from the closing time (15:00) of day 1 t − to the closing time (15:00) of day t, since daily returns, t r , are calculated using close-to-close prices (see Hansen et al., 2011 for a related discussion). Moreover, the RNG and the RBV estimators have the lowest estimates of κ . One possible explanation is that the theoretical foundation of Parkison's RNG estimator is based on the restrictive assumption of zero drift geometric Brownian motion which may result in biased estimates in real-world settings. Indeed, the authors in Alizadeh et al. (2002), Brand and and Shu and Zang (2006) , based on simulation results, find evidence of downward bias for the RNG estimator. Furthermore, the RBV estimator is robust against jumps implying that on average is lower or equal to the quadratic variation of the price process as estimated by the RV (see section 3). Consequently, the κ estimates for the RBV are expected to be lower compared to those of the RV estimator. On the contrary, when we use the IV as a volatility proxy the estimation of κ is very close to zero (ˆ0.052 κ = ) and marginally statistically significant at a 10% significance level. This evidence indicates that the IV is almost an unbiased estimator of the daily conditional volatility. From the GARCH equation results it is also obvious that the IV measure has the greatest impact on future volatility (ˆ0.862 γ = ) compared to its realized/range counterparts while the persistence is also high with the persistence parameter being approximately 0.97 across volatility measures and very close to the estimation results reported by Hansen et al. (2011) .
In Figure 2 , we illustrate the Monte Carlo simulated returns using the RR volatility estimator for the last day of our sample i.e. 09/30/2009. The graph compares the simulated returns with the normal density of equal variance. For all four forecasting horizons the simulated returns are negatively skewed and possess fat tails relative to the normal density implying the inappropriateness of Gaussian assumption for the VaR applications.
[Insert Table 2 about here]
[Insert Figure 2 about here]
VaR forecasting evaluation results
We use a rolling window of approximately five years or 1,250 trading days in order to produce the out-of-sample VaR forecasts from 12.20.2000 to 09.30.2009. 3 Table 3 presents the FR and the p-values for the (un)conditional coverage tests for a 5% and 1% coverage level. We follow Beltratti and Morana (2005) and we report the lowest p-value obtained by the h (un)conditional coverage tests performed for each of the h subseries of exceptions. We reject the null hypothesis at a 0.05 significance level if the tests produce a p-value lower than 0.05/h. For instance, for the monthly forecasts, i.e. for h = 20, the null hypothesis of correct (un)conditional coverage is rejected if the LR test generates p-value lower than 0.0025.
The most striking feature of Table 3 is that all volatility measures, with the exception of the RNG for the 5% day-ahead VaR, can produce VaR forecasts with correct (un)conditional coverage at a 5% significance level, across forecasting horizons and quantiles. This implies that a risk manager will be indifferent, in terms of statistical accuracy, among the volatility measures examined here. However, a closer examination of the results reveals some interesting points.
First, for the one and ten day(s)-ahead VaR forecasts and for the 1% quantile, which bear the greatest practical interest (see in the subsection 3.3 the BCBS mandates for the MRC requirements), the TTS-RV, RBV and IV (only for the one day ahead horizon) are the best performers. The IV measure tends to be over-conservative when we examine the ten days ahead predictions. Moreover, the results for the one day-ahead forecasts are in line with the findings of
Giot (2005) and Brownless and Gallo (2010) who report good day-ahead VaR performance using either range/realized or implied volatility estimators. Second, the IV is the overall best performing volatility measure, as it ranks first in sixteen out of the twenty four cases across forecasting horizons, quantiles and evaluation metrics. In addition, the IV measure forecasting performance improves, on average, as the forecasting horizon increases, with monthly FRs produced by the IV model being much closer to the predetermined coverage level than those produced by its counterparts. Although this is an expected result, as the VIX index is computed in order to deliver market's volatility prospects over the subsequent trading month, it is a unique empirical finding in market risk literature. Finally, RNG and RR seem to be the weaker performers especially in longer-term forecasting horizons.
[Insert Table 3 about here] Table 4 summarizes the results for the average RLF which takes into account both the number and the magnitude of the VaR failures. We also report the SPA test results in order to discern which of the models cannot be outperformed by its counterparts in terms of the RLF metric. The empirical findings are in alignment with the ones presented in Table 3 . In particular, the RNG volatility estimator has the poorest performance as it generates the highest average RLF across almost all forecasting horizons and quantiles. As a consequence the null hypothesis of the SPA test is rejected at a 5% significance level across all (monthly) forecasting horizons for the 5% (1%) quantile. 4 On the other hand, IV model seems to have an adequate performance across forecasting horizons as it does not reject the SPA test hypothesis, but for the 5% day-ahead VaR predictions. The IV is again the best performing measure for the longest (monthly) forecasting horizon since it minimizes the RLF for both coverage levels. With the exception of the RR and the RBV for the 5% bi-weekly and monthly VaR forecasts respectively, in all other cases the realized volatility measures behave quite well as they are not outperformed by any of their counterparts. Nonetheless, the RV model has the most consistent behaviour as it ranks first for the one, five and ten-days ahead forecasts irrespective of the quantile used.
[Insert Table 4 about here]
The picture is different regarding the efficiency of the VaR forecasts as measured by the average FLF. The empirical findings, presented in Table 5 , suggest that when we account for the opportunity cost of capital, the IV and the RV measures are the worst performers. They generate the overall highest average FLF and reject the SPA test hypothesis irrespective of the horizon examined, with the only exception being the 5% day-ahead and monthly VaR forecasts for the IV and the RV measure respectively. On the contrary, RNG, TTS-RV, RBV and RR models produce the most efficient weekly, biweekly and monthly VaR forecasts as they are not outperformed by any other volatility measure according to the SPA test results (the only exception is the RR model for the 5% biweekly VaR forecasts). For the 5% and 1% day-ahead
VaR forecasts RR and RNG respectively are the only historical volatility measures that do not reject the null hypothesis of the SPA test. A possible explanation is that these volatility estimators are robust against either the microstructure noise bias or the price jumps and thus, they can mitigate extreme or noisy price movements. Consequently, the models incorporating these volatility measures produce moderate VaR estimates that help minimize the opportunity cost of capital.
[Insert Table 5 about here]
The results for the MRC requirements, presented in Table 6 , confirm the aforementioned findings. The RNG volatility estimator is the worst performer in terms of regulatory accuracy as it is the only volatility measure that produces red light days. All other volatility proxies comply with the regulators accuracy rules. In terms of efficiency, the RR and RBV volatility measures generate the lowest regulatory capital with the other two realized volatility estimators lagging closely behind. The highest regulatory capital is generated by the IV measure indicating its relative inefficiency. The SPA test results also confirm these findings. [Insert Table 6 about here]
[Insert Figure 3 about here] Table 7 summarizes the average performance of the alternative volatility measures across forecasting horizons and quantiles. Overall, the best performing volatility measures are the RR and the RBV as they manage to combine statistical accuracy, regulatory compliance and capital efficiency, while the TTS-RV is also a good alternate. The IV measure behaves very well in terms of accuracy (both statistical and regulatory), especially in long term forecasts, but it tends to produce inefficient VaR estimates. The RV measure has similar behavior with the IV measure, while the RNG volatility estimator demonstrates inferior forecasting performance.
[Insert Table 7 about here]
Conclusions
We complement for the 5% day-ahead VaR forecasts. Our empirical findings are in accordance with Giot (2005) and indicate that the implied volatility measure is a good alternative volatility estimator for market risk applications, especially for longer term (monthly) VaR predictions.
The results for a loss function that reflects regulators' preferences are in alignment with the statistical accuracy results. However, when we employ a loss function that considers the opportunity cost of capital the results are slightly different. Now, daily range and high frequency data volatility estimators that are robust against either the microstructure noise bias or the price jumps generate the most efficient VaR estimates that minimize the opportunity cost of capital.
A real-world application based on Basel II regulatory framework confirms the above mentioned findings. In particular, all volatility measures, except for the daily range, comply with the regulators' mandates regarding the number of exceptions during the previous trading year.
Moreover, the adjusted realized range (Martens and van Dijk, 2007) and the realized bipower variation (Barndorff-Nielsen and Shephard, 2004) , which are robust against microstructure noise and price jumps respectively, minimize the market risk capital requirements and thus, the released idle capital can be used in more efficient and productive ways.
Therefore, a risk manager or a regulator who emphasizes on statistical and regulatory precision of the VaR estimates will be indifferent among the realized or the implied volatility measures examined here and perhaps he will choose the implied volatility for the monthly forecasting horizons. Nonetheless, a risk manager who is more concerned with efficiency issues, without disregarding the importance of statistical accuracy and regulatory compliance, he will concentrate on realized range and realized bipower variation measures.
Our empirical results give evidence in favour of robust high frequency intra-daily data volatility estimators since they balance between statistical or regulatory accuracy and capital efficiency. However, further research is required in order to gain more insights on the informational content of alternative volatility measures in multi-period VaR forecasting using other stock indices or asset classes such as stocks, bonds, currencies or commodities. RNG is the daily range, RV is the realized variance, TTS-RV is the two time scale realized variance, RBV is the realized bipower variation, RR is the realized range and IV is VIX implied volatility index. -7,870 -6,859. -6,846 -6,694 -6,521 -6,784 Notes: The t-statistics are in parenthesis. *, ** and *** indicates statistical significance at 10%, 5% and 1% significance level respestovely. For the estimation we use the full sample from 1. 1.1997 to 09.30.2009 . RNG is the daily range, RV is the realized variance, TTS-RV is the two time scale realized variance, RBV is the realized bipower variation, RR is the realized range and IV is VIX implied volatility index. All forecasts are generated by the Realized GARCH model. RNG is the daily range, RV is the realized variance, TTS-RV is the two time scale realized variance, RBV is the realized bipower variation, RR is the realized range and IV is VIX implied volatility index. FR denotes the failure rate in percentage points, UC and CC are the p-values for the Christoffersen's unconditional and conditional coverage tests respectively. The bold faced figures indicate rejection of the null at 0.05/h significance level. The table reports the lowest p-value across the h sub-series of exceptions. The asterisk (*) indicates the best performing model i.e. the model with the closest FR to the prespecified coverage level (α) and the highest p-value. All forecasts are generated by the Realized GARCH model. RNG is the daily range, RV is the realized variance, TTS-RV is the two time scale realized variance, RBV is the realized bipower variation, RR is the realized range and IV is VIX implied volatility index. For the SPA test we show the p-values. The bold faced figures indicate rejection of the null at a 0.05 significance level. The asterisk indicates the best performing model i.e. the model with the lowest RLF and the highest SPA p-value. 
